Profiling exploratory browsing behaviour with a semantic data browser. by Yang-Turner, F et al.
	



	
		
			

		

	

	
				
 !
	

∀#∃%&%%∋(%)∗	
%+%),!−./0
#1
	
2
3
#3
	∗		3
45∋64(!−.0
#5∗
6

4
∗	
(2	∗,5∋64(/%.7∃.5#!−.%6#
%(554(
	
	

	
	

	

	8	

				

Yang-Turner et al.  Profiling Exploratory Browsing Behaviour 
Proceedings of the Nineteenth Americas Conference on Information Systems, Chicago, Illinois, August 15-17, 2013. 1 
Profiling Exploratory Browsing Behaviour with                   
a Semantic Data Browser  
 
Fan Yang-Turner, Lydia Lau, Vania Dimitrova, Dhavalkumar Thakker 
 
University of Leeds, Leeds, LS2 9JT, United Kingdom. 
{f.yang-turner, l.m.s.lau, v.g.dimitrova, d.thakker}@leeds.ac.uk 
 
ABSTRACT 
Semantic Web technologies are increasingly being adopted for aggregating Web data. Tools such as Semantic Data Browsers 
have been proposed to assist users to access and make sense of the vast semantic space. However, further investigations are 
needed to understand how users make use of the additional semantic features provided by these new breed of browsers and 
their effectiveness in supporting exploration of a domain. Measurements of browsing behaviour in a semantic space are also 
needed. Using the log data from a semantic browser (MusicPinta) for the music domain, this paper takes the first step in 
profiling browsing behaviour of users in a semantic space and compares the outcome against their task performance. Two 
exploratory search tasks were designed for the experiment. Movements in terms of users traversing the provided semantic 
links in the browser were captured and the patterns of clicks between abstract and concrete concepts were analysed. 
Keywords 
Exploratory search, semantic data exploration, semantic data browser, exploratory browsing, browsing behaviour. 
INTRODUCTION 
Semantic Web technologies are increasingly being adopted for aggregating Web data. Tools such as Semantic Data Browsers 
(SDB) have been proposed to assist users to access and make sense of the vast semantic space, such as Tabulator (Berners-lee 
et al., 2006), Parallax (Huynh and Karger, 2009), VisiNav (Harth, 2009), FacetGraphs (Heim et al., 2010) and I-CAW 
(Thakker et al., 2012). Such browsers operate on semantically augmented data (e.g. tagged content) and lay out browsing 
trajectories using relationships from the underpinning ontologies. Understanding the value added by semantics in SDB 
remains challenging, as the interface of these browsers hides the complexity of the data infrastructure from their users. 
Capturing users browsing behaviour and comparing them with task performance may provide insight. This insight can assist 
us further exploit the semantics in the search space apart from the known benefit of being able to merge Web data from 
disparate sources. Hence, the first research question posed in this paper is  
³&DQZHPRGHOH[SORUDWRU\EURZVLQJEHKDYLRXULQWHUPVRIVHPDQWLFIHDWXUHVRIK\SHUOLQNV"´ 
This paper investigates the user behaviour of exploratory browsing. As classified by Bawden (1986), exploratory browsing is 
deliberately searching for inspiration. Since the Web is increasingly being used as a source for inspiration, investigation into 
possible browsing behaviour associated with effective outcome would be interesting. Hence, the follow-on research question 
posted in this paper is  
³Can we relate the possible browsing behaviour in a SDB with perIRUPDQFHLQH[SORUDWRU\WDVNV"´ 
A methodology is proposed for using log data to profile browsing behaviour. MusicPinta, a SDB which accesses Linked 
Open Data in the music domain, has been developed to capture user browsing behaviour by monitoring the clicks and their 
context.  
In the following sections, we start with reviewing related work and introduce MusicPinta that is used in our study. We then 
propose the methodology for profiling browsing behaviour. Following the methodology, we present the user study and the 
analysis of results. Finally, we conclude with discussions and future work. 
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RELATED WORK 
The interaction behaviours observed during an exploratory search are generally a combination of exploratory browsing and 
focused searching, with more emphasis on the former. People use browsing as a way to resolve the uncertainty and confusion 
that can occur as new information is encountered. As an important part of exploratory search, exploratory browsing enables 
users navigate through (and to) information that helps them develop powerful cognitive capabilities and leverage their newly 
acquired skills to address open-ended, persistent, and multifaceted problems. This behaviour of zooming in and out across 
spaces is attributed to the exploratory browsing behaviour in comparison to an iterative search strategy (White and Roth, 
2009 in Figure 1). Within exploration, there may be some degree of progressive narrowing of search space as part of the 
exploration-enrichment-exploration trade-off (Patterson et al., 2001). Under this model, a search begins with the retrieval of a 
broad set of documents, such as one retrieved by a high-recall/low-precision query, then proceeds with narrowing that down 
into progressively smaller but higher-precision result sets, before reading the documents and extracting the information (for 
example, iteration 4, 5 and 6 in Figure 1). 
 
 
Figure 1: Iterative search versus exploratory search strategies (White and Roth, 2009, p. 21) 
 
Motivated by this illustration, our work investigates how different users traverse the information space between abstract and 
concrete concepts. This is made possible by the nature of a SDB as the hyperlinks encapsulate the relationships between 
related concepts. Interaction logs are one of the resources for understanding and characterising user behaviour.  
For web search, there has been a growing interest in using interaction logs for research (Facca and Lanzi, 2005; Murray and 
Teevan, 2007; Craswell et al., 2009). 7KHVWXG\RIXVHUV¶LQWHUDFWLRQVZLWKWKHZHEEURZVHUHQDEOHd researchers to understand 
user behaviour according to the timing, query terms and URLs. A method was proposed to automatically discover user 
interests based on browsing behaviour (Velayathan and Yamada, 2007). This kind of research has the advantage of its large 
scale study but none has been conducted on SDBs.  
Smaller scale studies on different types of SDB and associated evaluation have emerged (ùDK et al., 2008; Wilson and 
schraefel, 2008). As highlighted by Uren et al. (2010), evaluation of semantic search systems had been sporadic and ad hoc. 
As these semantic tools were maturing, they called for a community effort in providing benchmarking mechanisms, in 
particular, the use of logging parameters for evaluating individual components of these search systems. Hoxha et al. (2012) 
recently proposed the addition of semantics into log data for analysing behaviour. Our work echoes this vision of using 
semantics to deepen our understanding of browsing behaviour from the log data. 
MUSICPINTA: A SEMANTIC DATA BROWSER 
Semantic data browser combines state of the art semantic web technologies for semantic augmentation, semantic query and 
representation. The semantic features not only allow users to easily tap into resources built from the Linked Open Data but 
also enable researchers to conduct semantic analysis on user interactions. 
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Interface and dataset 
In our study, we used a SDB called MusicPinta. It provided an interface for browsing domain of music instruments through 
music ontology-driven datasets: DBpedia1, MusicBrainz2, Jamendo3 and Megatunes4. In total, it had 2.4M entities and 19M 
triple statements. It used 2GB physical space, including 876 musical instruments entities, 71k entries for performances 
(albums, records and tracks) and 188k music artists. Amazon reviews were added as an example of social content in 
MusicPinta. Users of MusicPinta could explore the information space through moving from one entity to another entity. An 
HQWLW\ FRXOG EH D FRQFUHWH FRQFHSW HJ ³ERX]RXNL´ RU DQ DEVWUDFW FDWHJRU\ FRQFHSW HJ ³VWULQJ LQVWUXPHQW´ in the 
underlying ontology$V ³ERX]RXNL´ LV D NLQGRI ³VWULQJ LQVWUXPHQW´ MusicPinta had the ability to link these two entities 
together and presented to the users.  
 
Figure 2: An example page of MusicPinta 
A typical interface in MusicPinta is presented in Figure 2. Each µHQWLW\ page¶ started with the name of the entity and a 
description (including a picture if available). Three main facets were extracted from the aggregated datasets (semantic 
repositories): (i) facts about the focus entity; (ii) terms related to the focus entity; and (iii) content related to the focus entity 
(cropped in the figure). Facts and related terms for the focus entity consisted of triples from the semantic repositories, which 
included hierarchy links (denoted as is a kind of), membership (denoted as is a type of) and object properties (denoted as 
other). Hyperlinks pointed to further details for the retrieved objects. 
User interaction with MusicPinta 
It was expected that a user queried MusicPinta for a particular music topic, for example, an instrument. The user interaction 
with MusicPinta is illustrated in Figure 3. With a list of query result provided, user could select an entity page to browse. 
Sometimes, a page might include content, which were extracted from Amazon reviews. Solid lines in the figure show the 
basic interaction leading to a result. Dashed lines show the possible browsing path. 
                                                          
1
 http://dbpedia.org/About  
2
 http://musicbrainz.org/  
3
 http://www.jamendo.com/en/  
4
 http://magnatune.com/  
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Figure 3: User Interaction with MusicPinta 
METHODOLOGY FOR PROFILING BROWSING BEHAVIOUR 
Our approach for profiling exploratory browsing behaviour with a SDB is shown in Table 1, with MusicPinta case study as 
an example. There are three stages:  preparation, analysis and profiling. 
Table 1: Methodology of profiling browsing behaviour with semantic data browser 
General Approach MusicPinta Case Study 
Preparation Extend semantic data browser with logging features MusicPinta was programmed with the ability to 
capture user interaction with user id, timestamp and 
the entity that a user clicked. 
Encode log data with semantic annotations Hyperlinks with different levels of ³DEVWUDFWFRQFHSW´
or ³FRQFUHWHFRQFHSW´ were encoded for the study. 
Choose one or more human factors to profile User performance for each task was chosen to be 
profiled. 
Analysis Count the total number of links user clicked Total number of links of each user was counted. 
Examine the number of links based on semantic coding The number of links encoded ³DEVWUDFWFRQFHSW´DQG
³FRQFUHWHFRQFHSW´ of each user was examined. 
Profiling Profile browsing behaviour in terms of human factors 
and semantic features 
The relationships amongst number of clicks, links of 
abstract/concrete concepts and task performance 
were examined. 
 
This proposed approach provides a method for profiling browsing behaviour with interaction log data and externalising the 
behaviour in an explicit form. With the profile in an explicit form, we can conduct comparison of user behaviour across 
different versions of SDB which may provide useful insight while experimenting new ways of using semantics.  
USER STUDY 
Participants 
Twelve participants (seven male and five female) were recruited on a voluntary basis (Table 2). Half of the participants were 
native speakers and the other half spoke and communicated in English fluently. They were from different age groups and 
educational background. $ VFUHHQLQJ TXHVWLRQQDLUH ZDV XVHG WR FKHFN WKH SDUWLFLSDQWV¶ NQRZOHGJH of music and interests 
with musical instruments. Ten participants played one or more instruments but only one participant practised weekly. Nine 
participants listened to online music sites daily, weekly or monthly. Half of the participants visited sites with music 
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information weekly or monthly. All of them claimed to be unfamiliar with the instruments used in the study, confirming that 
they were conducting an exploratory search task. 
Table 2: Information of Participants 
Participants 
ID 
Sex Native 
Speaker 
Age 
Group 
Education 
 
Use of music 
web site 
Play 
Instruments 
Currently 
practicing  
Listen/download  
online music 
p01 Male no 40-50 Graduate occasionally no no occasionally 
p02 Male no 20-30 Postgraduate occasionally yes occasionally weekly 
p03 Female yes 20-30 PhD weekly yes no monthly 
p04 Male no 20-30 Postgraduate weekly yes weekly daily 
p05 Female yes >50 High School occasionally yes occasionally monthly 
p06 Female yes >50 High School monthly yes occasionally occasionally 
p07 Male yes 20-30 PhD occasionally yes no daily 
p08 Male no 30-40 PhD occasionally yes occasionally monthly 
p09 Male yes 20-30 Postgraduate never yes no occasionally 
p10 Male no 20-30 Postgraduate weekly yes no daily 
p11 Female yes 20-30 Undergraduate weekly yes no daily 
p12 Female no 20-30 Graduate monthly no no monthly 
Tasks 
Two representative exploratory search tasks were designed for the study. Task1 was analytical which requires exploring, 
comparing, finding similarities and differences within a pool of knowledge items. Task2 was more creative with open-ended 
outcomes. An advertising scenario for a hypothetical music shop was used as the context. Participants were asked to explore 
the information on musical instruments within MusicPinta. In both tasks, the participants were given an entry point to the 
browser and a form to fill in their answers. The details of the tasks are shown in Table 3. 
Table 3: Two tasks in MusicPinta user study 
Task1 Task 2 
The music shop is extending its collection of instruments with 
international musical instruments. You work in an advertising 
agency which has been asked to prepare an advertisement script for 
some of the new instruments that will appear in the shop. A key 
part of the preparation of the advertisement script is the research of 
the product.  
You have been asked to conduct a research on one of the new 
instruments, called bouzouki, using the information available in 
MusicPinta. You have to identify: 
x The main characteristics of bouzouki; 
x Up to five similar instruments to bouzouki;  
x Features that make bouzouki distinctive from the similar ones 
you have chosen. 
*RWRµ6HPDQWLF6HDUFK¶LQ0XVLF3LQWDDQGW\SHERX]RXNL%URZVH
the content and follow links. Complete the provided form. 
The music shop wants to increase the sales of its traditional 
musical instruments, such as electric guitars. It intends to do this 
by adding links to album recordings with electric guitars which are 
available in creative commons, together with some interesting 
information about these albums to inspire customers to play/buy 
electric guitars or any other musical instruments.  
Furthermore, when displaying its electric guitar items, the shop 
wants to highlight key features people look for when purchasing 
electric guitars. 
You are asked is to conduct a research to address the above 
requirements by using information provided in MusicPinta. You 
have to review the information about electric guitar and identify: 
x Three interesting album recordings that include electric guitars 
and specify what is interesting;  
x Key features that people look for when purchasing an electric 
guitar. 
*R WR µ6HPDQWLF 6HDUFK¶ LQ 0XVLF3LQWD DQG W\SH HOHFWULF JXLWDU
Browse the content and follow links. Complete the provided form. 
Procedure 
Each participant attended an individual session for about an hour, conducted and observed by an experimenter. The structure 
of a session is shown below: 
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x Pre-study questionnaire [5 min] - collect information about the user profile and test his/her domain awareness; 
x Introduction to MusicPinta [10 min] ± introduce main features of MusicPinta using tenor saxophone as an example; 
x Task1 [20 min] - identify distinctive characteristics of the musical instrument bouzouki; 
x Task2 [20 min] - identify usage and features of the musical instrument electric guitar; 
x Post-study questionnaire [10 min] ± WHVWDJDLQWKHSDUWLFLSDQW¶VGRPDLQDZDUHQHVs and gather usability feedback; 
x Brief interview [5 min] ± collect general feedback on using MusicPinta. 
Data collection and performance assessment 
The data collected in the study included: (i) the answers from the participants for Task1 and Task2; (ii) the pre- and post-
experiment questionnaires and word association tests; (iii) system log data; and (iv) experimenter¶V notes. For this paper, we 
report on the findings from the answers for the tasks and system log data.  
User performance 
With the answers from the participants, the success rates of the two tasks were assessed by domain experts. A model answer 
based on the ontology and the content of MusicPinta was produced by the experts. The task performance of a user was rated 
LQSHUFHQWDJHE\ WKH H[SHUWV DFFRUGLQJ WRKRZ PXFKRYHUODS WKHUH ZDVEHWZHHQ WKH SDUWLFLSDQW¶V DQVZHU DQG WKH PRGHO
answer.  
Log data 
MusicPinta recorded every user click with following information: user id, timestamp and ontology entity of the link. The 
ontology entity of a link consisted of the source of dataset (e.g. dbpedia or dbtune) and the entity (e.g. ukulele or plucked 
string instrument) as shown in Table 4. 
Table 4: Example of log entries of MusicPinta 
User 
Id 
Ontology entity of the link Timestamp 
p01 dbpedia:ukulele 2012-12-08 22:03:24 
p01 dbtune_instrument:plucked_string_instruments 2012-12-08 22:03:30 
p01 dbtune_instrument:balalaika 2012-12-08 22:04:18 
p01 dbtune_instrument:plucked_string_instruments 2012-12-08 22:05:04 
RESULTS 
In this section, we report the outcome of the three stages of our approach in the study with MusicPinta.  
Preparation 
Encode log data with semantic annotations 
Table 5: Semantic coding of entities of MusicPinta 
Concepts Abstraction level Code Examples 
Abstract concepts Classification ± upper 
level 
 
L5 Entity as a upper level concept 
e.g.  instrument, performance,  artists 
Classification ± middle 
level 
 
L4 Entity as a middle level concept 
e.g. string instrument, drums 
Classification ± lower 
level 
L3 Entity as a lower level concept 
e.g. plucked string instruments, hand drums 
Concrete concepts Concrete concepts 
 
L2 Entity as a concrete item e.g. violin, electric guitar 
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To understand the semantic relationship among the links that users browsed, we coded ontology entity into four levels based 
on the abstraction levels in the ontology. This coding is defined in Table 5. With this coding, a snippet of log data on one 
participant (p01) after pre-processing is shown in Table 6.  
Table 6: Example of log data with semantic coding for participant p01 
User 
Id 
Ontology entity of the link Abstraction 
Level 
Timestamp 
p01 dbpedia:Ukulele L2 2012-12-08 22:03:24 
p01 dbtune_instrument:plucked_string_instruments L3 2012-12-08 22:03:30 
p01 dbtune_instrument:balalaika L2 2012-12-08 22:04:18 
p01 dbtune_instrument:plucked_string_instruments L3 2012-12-08 22:05:04 
Choose one or more human factors to profile 
One of the important factors of evaluating an exploratory search system was task success (White and Roth, 2009).  As the 
first step, we chose ³XVHU SHUIRUPDQFH´ as a human factor for behaviour profiling. We aimed to SURILOH XVHUV¶ EURZVLQJ
behaviour and compare that against their task performance. The summary of user performance (Table 7) is ordered by 
average performance of task1 and task2 with top and bottom performers identified. As our study was to profile browsing 
behaviour against task performance, the extreme cases in terms of task success rate can allow us to separate clearly 
³VXFFHVVIXOEHKDYLRXU´from clearly ³XQVXFFHVVIXOEHKDYLRXU´  
Table 7: Top and bottom performers in the experiment study ordered by average performance of Task1 and Task2 
Participant Task1 Task2 Average of 
Task 1& Task 2 
Top and bottom Performers 
P01 81% 66% 73.5% 3rd highest performer in Task1; 
3rd highest performer in Task2. 
P05 97% 50% 73.5% Highest performer in Task1 
P04 71% 75% 73.0% Highest performer in Task2 
P07 67% 67% 67.0%  
p10 82% 50% 66.0%  
P06 73% 58% 65.5%  
P03 74% 50% 62.0%  
p12 69% 50% 59.5%  
p11 71% 41% 56.0%  
P02 53% 42% 47.5% 2nd lowest performer in Task1; 
4th lowest performer in Task2. 
P08 64% 8% 36.0% Lowest performer in Task2 
P09 44% 17% 30.5% Lowest performer in Task1 
 
Analysis 
Count the total number of links user clicked 
Figure 4 shows the number of links browsed by each user in Task1 and Task2, sorted from the top clickers (who browsed the 
most number of links) to the bottom clickers (who browsed the least number of links). The top and bottom performers are 
marked in the figure. 
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Figure 4: Number of links browsed by users in two tasks 
Examine the total number of links based on semantic coding 
Based on the semantic coding, two types of links are classified - abstract (L3, L4 and L5) and concrete (L2). To compare the 
EURZVLQJEHKDYLRXUDJDLQVWXVHUV¶RYHUDOOSHUIRUPDQFHZKLFKLVWKHDYHUDJHRI7DVNDQG7DVNnumbers of abstract and 
concrete concept links browsed by users in the two tasks are visualized in Figure 5. The user list is ordered by the total 
number of links browsed by users. On the left and middle part of Figure 5,  the abstract concept links and concrete concept 
links are presented separately; while on the right the abstract concept links and concrete concept links are presented together 
to show the proportion of the two.  
 
Figure 5: Number of abstract and concrete concept links browsed by users in the two tasks 
Profiling 
Browsing behaviour (number of links and the proportion of the concrete and abstract links) with overall task performance is 
visualized in Figure 6. With this figure, we are able to examine if there is any correlation between performance, the number 
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of clicks and the level of abstract/concrete browsing. The participants are presented with different sizes of square, showing 
the number of clicked links. The squares are filled with two colours: black for the number of clicks on abstract concepts and 
grey for the number of clicks on concrete concepts. As seen in the figure, there is no obvious pattern detected amongst the top 
performers (p01, p04, p05) and amongst the bottom performers (p02, p08, p09). However, we can profile the users with an 
explicit form shown in Table 8. Although there is no strong correlation between the profile and the performance, this explicit 
form has established a way to externalise the user behaviour according to the semantics.  
 
 
Figure 6: Browsing behaviour with overall task performance 
Table 8: Profile of browsing behaviour of MusicPinta 
Type of clickers Description Examples of top 
performers 
Examples of bottom 
performers 
Top clickers Ranking top 3 in 2 tasks based on the 
numbers of clicks 
p01 and p05  
Bottom clickers Ranking bottom 3 in 2 tasks based on 
the numbers of clicks 
p04  p09 
Concrete clickers About 90% clicks were concrete 
concepts 
p04 and p05 p08 
Mix clickers About 25% clicks were abstract 
concepts and 75% clicks were 
concrete concepts.  
p01  p02 
 
DISCUSSION AND FUTURE WORK 
In this research-in-progress paper, we examined XVHUV¶LQWHUDFWLRQZLWKVHPDQWLFOLQNVDQGWKHLUtask performance in order to 
understand XVHUV¶ behaviour with semantic data browsers. We reached an answer to our first research questiRQ ³Fan we 
model exploratory browsing behaviour in terms of sePDQWLF IHDWXUHV RI K\SHUOLQNV"´ in two steps. Firstly, we proposed a 
methodology to profile browsing behaviour with log data and user performance; and secondly, conducted a study with a 
Semantic Data Browser (SDB), MusicPinta. In addition to the number of clicks as a measure of browsing behaviour, the 
semantic links in the log were annotated to gauge the level of zooming in and out of abstraction ± a feature of ontological 
structure. The analysis was conducted by visualising the proportion of abstract and concrete level browsing. There is 
certainly potential to exploit further the semantic relationships of the hyperlinks for deeper insight.  In future, more detailed 
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semantic coding can be added, for example the type of content VXFK DV ³GHVFULSWLRQV´ or ³LPDJHV´ at the concrete level 
browsing. 
The answer to our second research question ³Can we relate the possible browsing behaviour in a SDB with performance in 
H[SORUDWRU\WDVNV"´ZDVPL[HG2QRQHKDQGWKHresults clearly showed the power of visualising browsing behaviour against 
task performance. On the other hand, no conclusive patterns were found from this study which indicated that either a larger 
sample of users would be needed or the parameters chosen for analysis might have no impact on task performance. For the 
latter, new tasks with new parameters could be designed for a repeat study, for example, more human factors (such as user 
learning style, knowledge and skills, curiosity index etc.) can be selected for the profiling.  
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